The competing risk method has become more acceptable for time-to-event data analysis because of its advantage over the standard Cox model in accounting for competing events in the risk set. This study aimed to construct a prediction model for diabetes using a subdistribution hazards model.
Introduction
Diabetes is a well-recognized cause of premature death and disability and is associated with increased risk of cardiovascular disease, kidney failure, blindness, and lower-limb amputation. [1] While the incidence and prevalence of diabetes have been increasing globally, these increases have occurred at particularly accelerated rates in low-and middle-income countries. [2] [3] [4] China has the second highest prevalence of and the largest absolute disease burden associated with diabetes in the world. [5] Older adults are one of the fastest growing age groups worldwide, especially in Beijing City. [6] By the end of 2008, the total population of Beijing had reached 12.3 million, with people aged over 60, over 65, and over 80 making up 17.7%, 13.2%, and 2.4% of the total population, respectively. [7] Researchers have been able to construct multivariable risk prediction models intended to aid clinicians in risk assessment. Within these models, the most commonly identified predictors are demographic characteristics, cardio-metabolic health indicators, and lifestyle behaviors. [3] However, the currently used diabetes risk prediction algorithms were developed for prediction over periods of 10 years or less. Increasing life expectancy and elderly populations suggest the need for longer-term risk prediction tools. Second, few studies have considered emerging psychological factors such as adverse life events and depression. [8, 9] Some studies have suggested a potential link between psychological stress and incident diabetes. [10, 11] Third, only a small number of studies have assessed the association between cognitive function and diabetes incidence using tools such as the mini mental state examination (MMSE). [12, 13] Fourth, the performance of existing diabetes prediction models varies by country and age. [14] [15] [16] [17] Despite the large number of risk prediction models being developed, only a very small minority have been designed for middle-aged and older Asian populations, especially Chinese populations. [15, 18, 19] Moreover, conventional statistical methods for the analysis of time-to-event data assume the absence of competing risks. [9, 10, 20] However, competing risk of death should be an important consideration in the study of elderly populations. [21] Ignoring the presence of competing risks can result in estimates of the incidence of the event of interest that are biased upwards, as well as incorrect estimates of the associations between predictors and outcomes. [21] [22] [23] [24] In particular, the sum of the incidence estimates for each event type will exceed the estimate of the incidence of the composite outcome, defined as any of the event types. [23] To overcome these problems, the subdistribution hazards model, or Fine-Gray model, was proposed, [25] in which a cumulative incidence function (CIF) is used to estimate the incidence of an event while taking into account the presence of competing events. [23, 26] The subdistribution hazards model has been increasingly applied for the prediction of disease. [24, 27, 28] However, to the best of our knowledge, no algorithm has been proposed to quantify the 20-year risk of diabetes using the subdistribution hazards model.
In this report, we describe the development of a prediction model for estimating the 20-year risk of incident diabetes in Chinese elders free of diabetes at baseline. Our risk estimates allow adjustment for the competing risk of nondiabetes death and consider lifestyle behaviors, psychological factors, cognitive function, and physical condition simultaneously. This tool is based on the Beijing Longitudinal Study on Aging (BLSA), which has contributed to the creation of a 10-year risk score algorithm for coronary artery disease using a subdistribution hazards model, [28] and this tool offers 20 years of rigorous surveillance for diabetes.
Methods

The BLSA study
Using the 10% population sampling data from Beijing collected during China's fourth census, a 3-stage (i.e., natural living environment, education level, and age) stratification-randomclustering sampling procedure was performed to ensure the representativeness of the Beijing elderly population in general. [29, 30] From August 1992 to December 2012, a communitybased cohort of 2101 people (1037 men and 1064 women, 55-96 years old) were recruited for the BLSA in Beijing, China. Periodic health examinations, including questionnaire interviews, anthropometric measurements, clinical examinations, and laboratory assessments, were performed in the years 1992, 1994, 1997, 2000, 2004, 2007, 2009, and 2012 . We used complete data obtained during the period from 1992 to 2012 in this study. Two hundred forty-four subjects were excluded because they had a baseline fasting plasma glucose (FPG) level greater than or equal to 7.0 mmol/L (126 mg/dl), had a history of diabetes (as informed by a physician), were taking antidiabetic medicine, or had missing blood examination data. Thus, 1857 persons were included in our analyses. Overall, 925 men and 932 women without diabetes at baseline were included in this study.
This study followed the guidelines of the Helsinki Declaration and was approved by the Ethics Committee of Xuanwu Hospital, Capital Medical University. Written informed consent was obtained from all participants.
Assessment of risk factors and outcomes
Demographic characteristics and information about dietary habits, lifestyle, psychological factors, and physical condition were obtained using questionnaires with a high degree of reliability and accuracy that were designed by the Beijing Geriatric Clinical and Research Center and Australia Geriatric Research Center of Flinders University. [29] [30] [31] [32] A food frequency questionnaire was used for dietary assessment. [33] Then, a latent class model was constructed, and the best model was selected according to Bayesian information criterion values. Based on the posterior probability (representing the frequency of food intake), dietary habits were divided into 3 latent groups: overnutrition diet, intermediate-type diet, and meat-based diet. Self-reported smoking, drinking, residential area, health status, sad events, and physical activity frequency were evaluated. Self-rated health (SRH) was used as an expression of social, psychological, and biologic dimensions. In the present study, SRH was based on asking individuals to compare their health status to that of age peers. Experience of a sad event was defined as suffering at least one of the following events in past three years: loss of job, change of living environment, life setbacks in children, seriously ill spouse, seriously ill children, death of spouse, death of children, death of parents, death of good friends, not getting along well with spouse, not getting along well with neighbors, not getting along well with children, financial difficulties, stolen or lost property, and serious natural disasters (i.e., fire, flood, or earthquake).
The Center for Epidemiological Studies Depression (CES-D) scale was used to measure depression level, with a maximum score of 60 and standard cutoff value of 16.
[34] A higher score corresponded to a more severe condition. The MMSE scale was used to differentiate between cognitive levels. [35] The critical threshold values were as follows: illiterate > 17, primary school education > 20, secondary or higher education > 24. Physical limitation was assessed using the instrumental activities of daily living (IADL) and basic activities of daily living (BADL) surveys. [36] The subjects were categorized into complete ability or disability based on these 2 scales, respectively.
Age was categorized into 3 subgroups: 55 to 65 years, 66 to 75 years, and ≥ 76 years. Marital status was divided into 2 categories: married and unmarried. Body mass index (BMI) was calculated according to the equation BMI = weight (kg)/height (m) 2 and was classified based on the common Chinese criteria, [37] that is, thin (BMI < 18.5 kg/m ). Blood pressure (BP) was measured twice on the left arm of seated participants using a mercury sphygmomanometer and an appropriately sized cuff, and the average of the blood pressure measurements was considered the examination blood pressure. Two measurements of BP were taken 5 minutes apart. If the 2 measurements differed by more than 5 mm Hg, then an additional reading was taken, and the final average of the readings was used for analysis purposes. BP was classified into 2 groups: high (systolic blood pressure > 140 mm Hg or diastolic blood pressure > 90 mm Hg) and normal blood pressure.
Blood samples were collected after an overnight fasting period of at least 12 hours. FPG, total cholesterol (TC), triglycerides (TG), high-density lipoprotein cholesterol (HDL-C), and lowdensity lipoprotein cholesterol (LDL-C) levels were subsequently determined using standardized enzymatic methods. According to the standards for impaired fasting glucose (IFG) and dyslipidemia, an FPG level of 6.1 to 6.9 mmol/L was considered IFG. [37] A TC level of 5.18 mmol/L or greater, TG level of 1.7 mmol/L or greater, HDL-C level less than 1.03 mmol/L in men or 1.29 mmol/ L in women, or an LDL-C level of more than 3.35 mmol/L was considered dyslipidemia. [38] The outcome of interest was the first incidence of diabetes at follow-up. This incidence was identified as a self-reported history of diabetes diagnosis, taking antidiabetic medicine after the baseline examination, or having a measured FPG level of ≥ 7.0 mmol/L (126 mg/dL) at any of the periodic examinations.
[38] The date of diagnosis (incidence) was defined as the examination date at which a new case of diabetes was identified or the diagnosis date if a recent diabetes history was reported by questionnaire, whichever came first. Survival status was determined through interviews with surviving household members or neighbors when surviving household members were unavailable. Information was verified for a subset of participants based on household registration records. Cause of death was determined according to the International Classification of Disease (ICD), ninth revision (ICD-9 or ICD-10). Nondiabetes deaths, including deaths due to cardiovascular diseases, cancers, and other causes, were defined as competing events.
Statistical analysis
Time of follow-up accrued from the return date of the 1992 questionnaire until incidence of diabetes, death, loss to follow-up, or end of follow-up (December 2012), whichever came first. Considering the extensive length of follow-up and potential bias due to the competing risk of nondiabetes mortality, we employed the subdistribution hazards model to adjust risk estimates for the competing risk of nondiabetes mortality. [23] The subdistribution hazards model calculates the cumulative incidence of diabetes in the following manner:
The quantities under summation denote the instantaneous hazard of diabetes at event time t i and survival rate from both diabetes and nondiabetes death past event time t i-1 .
Subdistribution hazards models were fitted to predict the risk of developing diabetes using the "cmprsk," "crrstep," and "survival" packages in R software (R Foundation for Statistical Computing, Vienna, Austria). For the first step, univariate subdistribution hazards models were used to regress the subdistribution hazard of diabetes incidence on all 19 candidate variables, and variables with estimated regression coefficients having a statistical significance of P > 0.20 were removed. Gray test was also performed to compare the cumulative incidence function of diabetes between groups defined by each variable after adjusting for age. Then, all significant variables were included in a multivariate prediction model with backward selection. For the third step, the remaining variables were included to build the final prediction model. For each model, subdistribution hazard ratios (SHRs) and 95% confidence intervals (95% CIs) were calculated to estimate relative risk. All continuous variables were categorized to build the model. We did not examine any interactions between the independent variables.
After the prediction models were developed, it was critical to evaluate their performance. Discrimination of the model was assessed using Wolber concordance index (C-index) with R packages "pec," "rms," and "pROC." [39] The C-index was used to give a quantitative assessment of the model's predictive ability. The calibration of the model was assessed graphically by comparing the predicted probability to the observed probability across 10 deciles of predicted risk. [40] Calibration referred to the agreement between observed outcomes and predictions. The more spread between the 10 deciles, the better discriminating the model. The calibration plot was generated with the R package "pec." Additionally, internal validation was performed to estimate the potential for overfitting and positivity of the models using 1000 times bootstrap resampling with the R package "pROC."
All P-values reported are 2-sided. Independent 2-sample x 2 tests were performed using SAS software (Version 9.2, SAS Institute Inc., Cary, NC). Subdistribution hazards models, receiver operating characteristic (ROC) curves, C-indexes, calibration plots, and bootstrap internal validations were performed in R software (version 3.3.1).
Results
Baseline characteristics
Among the 2101 community dwellers aged 55 years or over in 1992, 244 participants were excluded because of taking antidiabetic drugs, reporting a history of diabetes, having FPG ≥ 7.0 mmol/L (126 mg/dl), or missing blood examination data. We followed up 1857 participants without diabetes at baseline for a median period of 9.8 years. person-years. After we adjusted for the competing risks of nondiabetes deaths, the CIF of incident diabetes was 11.60%. The result of the Gray test showed that after adjusting for age, BMI, FPG, SRH status, and physical activity were associated with the cumulative incidence function of diabetes (Fig. 1 ). There were differences between the incident diabetes and nondiabetes groups in the distributions of age, disability, marital status, selfassessment of health, blood lipids, and physical exercise at baseline (P < 0.05) ( Table 1) . By the end of 2012, there had been 144 failure events and 920 deaths from nondiabetic causes. Approximately 4.7% of participants were lost to follow-up (n = 87). Sensitivity analysis showed that there were no significant differences in the distributions of baseline characteristics between those lost to follow-up and those followed.
Results from univariate analyses for the BLSA population
Univariate subdistribution hazards models were used to regress the subdistribution hazard of diabetes incidence on all 19 candidate variables; the estimated regression coefficients, estimated regression subhazard ratios, estimated 95% CI, and statistical significance of the estimated regression coefficients are reported in Table 2 . After accounting for competing events in the risk set, the univariate subdistribution hazards model showed that sex, age, BMI, FPG, self-assessment of health, exercise, disability, marital status, blood lipid level, education level, and dietary habits were associated with diabetes incidence. Women were at higher risk of diabetes than men (SHR = 1.50, 95% CI = 1.08-2.08, P = 0.015). Divorced and single individuals were at a higher risk of diabetes (SHR = 1.82, 95% CI = 1.22-2.71, P = 0.003) than those who were married. Those individuals with impaired FPG and abnormal blood lipids were at a higher risk of diabetes than those with normal FPG (SHR = 2.12, 95% CI = 1.46-3.08, P < 0.001) and normal blood lipids (SHR = 1.75, 95% CI = 1.24-2.46, P < 0.001). Disability and poor self-assessment of health were associated with higher risk of diabetes than normal ability (SHR = 0.40, 95% CI = 0.19-0.84, P = 0.016) and normal self-health assessment (SHR = 1.57, 95% CI = 1.09-2.29, P = 0.017), respectively.
For multiple categorical variables, the following were associated with a higher risk of diabetes incidence: overweight (SHR = 2.58, 95% CI = 1.73-3.85, P < 0.001), obesity (SHR = 2.35, 95% CI = 1.52-3.63, P < 0.001), and overnutrition diet (SHR = 1.54, 95% CI = 1.08-2.20, P = 0.018). Illiterate individuals were at a lower risk of incident diabetes than those had graduated (SHR = 0.55, 95% CI = 0.30-0.99, P = 0.045). Those aged 55 to 65 and 66 to 75 years had an increased risk of diabetes incidence than those aged > 76 years (SHR = 5.48, 95% CI = 3.01-10.00, P < 0.001; SHR = 2.32, 95% CI = 1.21-4.43, P = 0.011).
Development of prediction models
All significant variables from univariate analyses were included in a multivariate risk prediction model, and 5 variables remained after backward selection (Table 3 ). In the final Fine-Gray competing risk regression model, the risk of diabetes incidence decreased with increasing age (55-65 age group: SHR = 4.37, 95% CI = 2.36-8.10; 66-75 age group: SHR = 1.98, 95% CI = 1.02-3.83). A greater risk of diabetes incidence was associated Table 1 Baseline characteristics between participants of incident diabetes and nondiabetes from the BLSA study. 
Model prediction performance and bootstrapping cross-validation
The discrimination of the subdistribution hazard model was assessed using the C-index for prediction models with competing risks. The apparent discrimination of the model predicting 20-year diabetes incidence was equal to 0.74 (95% CI: 0.70-0.78) (Fig. 2) . The sensitivity, specificity, Youden index, positive predictive value, and negative predictive value of the subdistribution hazards model were 0.81, 0.52, 0.67, 0.13, and 0.97, respectively. The estimated regression coefficients, estimated regression hazard ratios, estimated 95% CI, and statistical significance of the estimated regression coefficients at 20 years were generated using the subdistribution hazards model and bootstrap cross-validation with 1000 bootstrap samples ( Table 4 ). The estimate of the Cindex at 20 years using bootstrap cross-validation with 1000 bootstrap samples was 0.74 (95% CI: 0.70-0.79). 
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The calibration of the model was assessed graphically by comparing the predicted probability of 20-year diabetes incidence to the observed probability of 20-year diabetes incidence across 10 deciles of predicted risk (Fig. 3) . Overall, the model displayed moderate-good calibration, with a modest degree of underprediction in subjects in the 6th and 7th deciles of predicted risk. The subdistribution hazards model performed moderately well in terms of discrimination and calibration.
Discussion
In this report, we describe the construction of a simple prediction model to estimate 20-year risk of diabetes based on factors easily available during epidemiological research. The results are based on over 20 years of rigorous follow-up and ascertainment of diabetes incidence and death. Our prediction model accounts for the competing risk of nondiabetes death.
Previously, this community-based retrospective study including a middle-aged and older Chinese population found a relatively low rate of incident diabetes after a 20-year followup. [19] Age, BMI, FPG, self-rated health, and physical activity were all significantly associated with incident diabetes during the 20-year follow-up period. In terms of discrimination and calibration, our algorithm performed moderately well in predicting the risk of 20-year incident diabetes. Subdistribution hazards models, which extend the Cox proportional hazards model to competing-risks data by considering the subdistribution hazard, [41] [42] [43] do not censor but rather "carry forward" competing event(s) in the risk set with appropriate weighting. [44, 45] The present study extended and expanded on the previous general diabetes risk prediction models for middle-aged and older Chinese.
Currently, risk scores such as the Finnish Diabetes Risk Score, [46] Framingham DM Risk Score [15] Cambridge Diabetes Risk Score, [47] and German Diabetes Risk Score [48] are the most widely used for clinical guidelines. In addition, there are a number of other important risk algorithms or functions. [3] However, a prediction model specifically designed to estimate the risk of incident diabetes, especially in the context of competing risks, in Chinese middle-aged and older populations was not previously available. Our risk prediction model provided a feasible tool for identifying individuals who have a high risk of diabetes among middle-aged and older adults in Beijing.
The AUCs of previous diabetes risk scores for older adults ranged from 0.71 to 0.78. [18, 19, 49] Our prediction model, which was based on a subdistribution hazards model, had a moderately high C-index value of 0.74 (95% CI: 0.70-0.78). Of note, a model providing a C-index value of less than 0.80 for predicting incident diabetes may have limited clinical utility. However, all predictors included in our models are readily available clinical variables. The negative predictive value of the model (0.97) was very high; however, the positive predictive value was low (0.13) primarily because of the low incidence of diabetes in the studied population. Thus, the model is most clinically applicable for use in ruling out the risk of incident diabetes. Based on the prediction model, risk factors may be intervened upon, and health may be placed high on the social, economic, and political agenda of city governments.
[50] Table 3 Subdistribution hazard ratios for multivariate subdistribution hazards model from the BLSA study.
Characteristic
Log-hazard ratio (b) Subdistribution hazard ratio 95% CI for hazard ratio P In our prediction model, based on the subdistribution hazards model, age was the strongest predictor of incident diabetes. Individuals with an age of 55 to 65 years had the highest risk of developing diabetes in our model, followed by individuals with ages ranging from 66 to 75 years. Similar results were found in the Guangzhou Biobank Cohort Study, which was a 4.1-year population-based follow-up of Chinese persons aged 50 years and above. [18] BMI was the second strongest predictor in our model and has been included in most published scores used to predict incident diabetes. [18] Obesity, assessed by BMI, might play an important role in developing diabetes, which is similar to results described in previous reports from developing countries. [51] Some policies can be enacted to reduce BMI. [52] Most recent research suggests that sitting time remains a risk factor for diabetes in obese populations. [53] In our model, the FPG variable was the third strongest predictor of incident diabetes. This result is generally consistent with those of previous reports.
[ 49] IFG has been defined as a fasting glucose level from 6.1 to 6.9 mmol/L. It is not surprising that individuals with IFG have a high risk of developing diabetes. The risk of incident diabetes increased with increased FPG levels.
We are the first to include SRH in a diabetes prediction score. SRH is an expression of health that emphasizes social, psychological, and biologic dimensions [54] and is one of the most widely used yet poorly understood measures of health. [55] In the present study, SRH was assessed by asking individuals to compare their health status to that of similarly aged peers. SRH scores may provide additional valuable information for risk prediction in patients with diabetes [56] and have been recommended as a tool for cardiovascular disease risk assessment. [57] Thus, diabetes guidelines should extend their focus to both the clinical and social aspects of diabetes and include questions on patient SRH. [58] Physical activity has also been identified as an important predictor of incident diabetes, which is potentially mediated through environmental pathways. [48] Physical inactivity has been suggested to be the greatest public health problem of the 21st century [59] and is thought to be responsible in up to 27% of cases for the development of diabetes. [60] Prospective evidence has accumulated that physical inactivity and sedentary behavior are independent risk factors for diabetes. [61, 62] It has been demonstrated that interventions increasing physical activity are able to reduce the incidence of diabetes in high-risk adults. [63] [64] [65] [66] It has been recommended that at least 30 minutes of regular, moderateintensity physical activity on most days are required to reduce the risk of diabetes and cardiovascular disease. [66] In contrast, muscle strengthening and balance training may reduce falls in older adults. The 2010-2012 Korean National Health and Nutrition Examination Survey also demonstrated that high-risk drinking might be associated with a higher risk of diabetes in men. [67] Another reason for this association is that participants who frequently exercised were more likely to be aware of their blood glucose levels than people who never or rarely exercised. Similarly, alcohol drinkers were less likely to be aware of their blood glucose levels than were nondrinkers. [68] Health promotion is crucial to keep the elderly fit and minimize healthcare costs through increasing the number of active years among elders. Health promotion is also a method to manage the care of the elderly. Health can be influenced by different forces, including social inequalities, the economy, Table 4 Bootstrap-adjusted subdistribution hazard ratios for multivariate subdistribution hazards model from the BLSA study.
Log-hazard ratio (b) Subdistribution hazard ratio 95% CI for hazard ratio P setting (healthy cities), empowerment level (education and literacy), mental well-being, medical care and scientific approaches, behavior (physical activity, nutrition, and demographic changes), and politics (national/regional). [69] Thus, there is a need to strengthen the healthcare system to generate awareness and enable early detection and self-management. More importantly, barriers to effective management and healthseeking behaviors should be taken into consideration while planning strategies. [61] There were some limitations to our study. First, we did not include waist circumference. However, the Guangzhou Biobank Cohort Study showed that using waist circumference or waist-tohip ratio instead of BMI did not substantially improve model discrimination. Second, due to the long-term follow-up, followup bias may have resulted very easily. However, sensitivity analysis showed that there were no significant differences in the distributions of baseline characteristics between those individuals lost to follow-up and those who were followed. In addition, external validation of an independent elderly population in China is needed, and similar studies with larger numbers and other populations should be conducted since the sample size in this study was small.
Conclusion
In conclusion, our study showed that poor SRH status, physical inactivity, being 55 to 65 years old, overweight or obesity status, and IFG were significant predictors of incident diabetes. We developed a prediction model for diabetes based on a community cohort of elderly Chinese and using a subdistribution hazards model that adjusted for the competing risk of nondiabetes death during the long-term follow-up. This model could be applied to predict the risk of diabetes among Chinese adults over 55 years old. In the future, early prevention with a goal of achieving optimal levels of all risk factors should be a key element of diabetes prevention.
